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Some aspects of Data Fusion (DF) for Information Retrieval 
(IR) are explored using a set of data from the Fifth Interna- 
tional Conference on Text Retrieval, TRECS. It has been ob- 
served from time to time that DF applied to a pair of systems 
or schemes for IR may yield results that are better than those 
of either participating scheme. It has been conjectured that this 
occurs only rarely, or occurs only when poor schemes are be- 
ing combined, or occurs only for problems In which there are 
so few relevant documents that the results are probably due to 
statistical fluctuation. Based on a geometrical model of DF, we 
derive an equation for effective DF. This equation shows that 
in the ideal case the performance of a pair of IR schemes may 
be aproximated by a quadratic polynomial. We statistically test 
this assumption for TRECS Routing data. Results of the re- 
gression analysis shows that our equation for the effect of DF is 
generally valid. 

Introduction 
Techniques of data fusion have been found effective in 

some information retrieval situations (Turtle and Croft, 1991; 
Fox and Shaw, 1994; Bartell, Cottrell, and Belew, 1994; 
Belkin, Kantor, Fox and Shaw, 1995; Lee, 1995). 

Several arguments for that effectiveness can be proposed. 
At the most elementary level, data fusion adds an additional 
degree of freedom to the operation of an information retrieval 
scheme (that is, the degree of mixing of the two schemes 
included in the fusion process) and might therefore be ex- 
pected to sometimes yield better results. On the other hand 
there is a persistent intuitive feeling that if we combine a 
poorer scheme with a better scheme, the result is somehow 
more likely to be between the two than to exceed the better 
scheme. However, research summarized by Ng (Ng, 1998) 
shows that the fused system beats the better of the two con- 
tributing systems a fair fraction of the time. 

Kantor (Kantor, 1998) has proposed a kind of geometric 
model for understanding why this should be so. Essentially 
the geometric model proposes that for a given problem, in 
this case an information retrieval task for a specific topical 

quest, there is, in some large abstract space, a very best solu- 
tion. Any particular real system which is at hand produces a 
result which can be represented by another point in that ab- 
stract space. If the system is quite good this representative 
point should be quite close to the ideal point. If the system is 
bad this representative point will be quite far away. Given a 
good system and a bad system we can then ask whether there 
is some point on the line joining them in this abstract space 
that is even closer to the ideal point than the good system. 
As the construction in Figure 1 shows, the answer to this 
question depends on the angle between the good system and 
the bad system, as seen from the ideal point in the abstract 
space. If this angle is small, the bad system will be farther 
away than the good system, and close enough to its azimuth 
so that the line joining them is everywhere farther from the 
ideal point. On the other hand, if the angles subtended by the 
two systems, as viewed from the optimal point, is 90 degrees 
then there is necessarily some point on the line connecting 
them which is closer to the optimal point. 

The precise calculation goes as follows. We assume that 
in our abstract space 

ea PL = Pideal - 7 
d2 PH = Pideal - 7 { PB = Pideal - 7 

(1) 

where PL and PH are the average precisions at top 100 
documents for worse and better schemes respectively, PB 
is the average precision for the best possible DF of two 
schemes, Pideal is the average precision of the ideal scheme, 
and CJ is some metric constant in our space. The distances 
between schemes in the abstract space are denoted by d,  e, 
w, as in Figure 1. Line Pideal PB has length z and is perpen- 
dicular to the line PHPL. The parameter a shows the weight 
of line PH PB relative to PH PL . 

3 

From Pythagoras' theorem, we have 

e2 = 2 + [ w ( l -  a)]' 
dL = z2 + (wa)2 
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Pig. 1, The abstract space model. Fig. 2. Quadratic curve. 

We can rewrite (2) as 

(3) 
[ w ( l -  = e2 - z2 { ( w a y  = dL - z2 

Dividing the first equation by the second in (3), we get 

(1 -a)’ - e2 - z 2  
a2 d2 -22 (4) - 

From (1). we have 

e2 = P i d e a l f f 2  - PLU’ 

d2 = Pidealff2 - P~ff‘ ( 5 )  
2 z2 = P i d e a l f f  - PBff2 

(6) 
( 1 - a ) 2  PB - PL 

a2 PB - PH 
This simple visual presentation conveys some of the prin- 

cipal ideas of Kantor’s geometric formulation, but is an over- 
simplification, in that we have not really specified the metric 
in this abstract space. In order for things to be as simple as 
suggested by our previous discussion, that metric must be 
chosen so that systems with equal performance (for exam- 
ple as measured by an average precision score in the TREC 
setting) must be equally distant from the optimal point. If 
the metric chosen can be reprcsented by a positive quadratic 
form in the imagined abstract space, then an orthogonal 
transformation will make this true, and for purposes of pre- 
sentation, wc imagine that it is. 

From a purely theoretical point of view, Kantor (1998) has 
shown that if the space is of very high dimension and systems 
are n o t  correlated, i t  is much more likcly that the angle be- 
tween the two systems is close to 90 degrees than that it is 
closc to zero. This can be understood in three dimensions by 
visualizing the surface of the earth. If the ideal point lies at 
the ccntcr of the earth and the point representing one of the 
two systcms lies at the North Pole, then the distribution of 

i 
Using (4) and (51, we get that 

- - 

the other system will be uniform across the surface of the 
earth. At angles which place this point very close to the 
North Pole there is relatively little surface area to be had. On 
the other hand at 90 degrees, the entire surface at the Equator 
is available for this point. Thus it is more likely, if there is 
no prior correlation between the two points, that the angle 
is close to 90 degrees, than that is close to zero. It can be 
shown that in spaces of substantially higher dimension this 
concentration in the vicinity of the Equator becomes pmgres- 
sively stronger. This provides some intuitive foundation for 
suspecting that ifdata fusion is somehow like linear combi- 
nation of the representative points, it should produce results 
better than the best of two systems a substantial fraction of 
the time. 

Suppose that we smooth the observed DF curve by a 
quadratic polynomial as in Figure 2. Here, we denoted f f q u a d  
as the maximum point of the quadratic polynomial given by 
equation P = a d  + ba + c on interval [0,1]. As we can see 
in Figure 2, 

(7) 

However, this is the same equation as (6) with CY set equal 
to aqua& Thus, according to the geometrical model, the rela- 
tionship between performance of DF and weighks assigned to 
schemes is quadratic. The validity of this idea can be tested 
using statistical methods. 

The present paper is an attempt to systematically explore 
the relation between two retrieval systems in a fusion setting, 
and explore characterization of the situations in which fusion 
does, in fact, yield results that are better than the best. 

The coefficient of determination R2 
Data obtained from real experiments is usually noisy and 

exhibits large fluctuations. Therefore, smoothing techniques 
are used to interpolate the data with a well-behaved function. 
One of the most commonly used techniques for interpolation 
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is the least-squares method. Given the parametric form of 
the function the least-squares method finds the instance of 

To do this we need a measure indicating the goodness of 
the fit. This measure is called the coeficient of determination 
R2. First, we need a few definitions. 

Let f(x) be the function used for aproximation of the curve. 
Let (q, yl), (z2, y2) ,...,( zn, yn) be n points obtained by ex- 
periment. The residual sum of squares, denoted by Sres, is 
defined as 

the function that best fits the real curve being interpolated. B 

n D 
sre ,  = C(yi - f(zi)12 (8) 

i= 1 

The total sum of squares, denoted by Stat, is given by 
n 

i= 1 Fig. 3. A triangle in abstract space. 
(9) 

where jj is the average value of y. 
The coeficient of determination, denoted by R2, is defined 

as 

R2 is the proportion of variation in y that can be attributed 
to a relationship between x and y, in the sample. Thus, the 
closer this proportion is to 1, the more succesful is the rela- 
tionship in explaining variation in y and therefore, the better 
is the fit (Devore, 1993). 

The coefficient of weight a 
Suppose that we have a triangle in some abstract space, as 

in Figure 3 . SB and SD are the lengths of vectors 0% and 
0% respectively, and a is a real number such that 0 5 a 5 
1. We want to prove that for any a, such that 0 5 a 5 1, 
the point C, built as a linear combination of SB and SO, lies 
on the line BD. It sufJices to show that the vector 62 is 
parallel to the vector DB. 

Fig. 4, Scheme vectors in the abstract space, 

schemes is given by vector OFB. Note that the triangle 
OPHPL is similar to the triangle OBD in Figure 3. There- 
fore, 

(1 1) 
The result shows that indeed 0%' is parallel to D%, as 

desired. Note that, since AC is parallel to OD, the ratio 

(12) 

Let points PH, PL and Pideal represent the performances 
of the better, worse and ideal schemes in some abstract space 
as before. According to the geometrical model, the best 
data fusion of two schemes is represented by the point PB. 
Presumably, each scheme can be represented by a vector in 
the abstract space. Figure 4 shows the geometrical model 
and scheme-vectors in this space, where S> = O h  and 
S', = o&. It is clear that the best combination of two 

B C - A B  - Q 

CD-OA-1-a 

Thus, the best fusion of two schemes in the abstract space 
is given by a simple linear combination of the scheme vec- 
tors. The coefficient a is called the coefficient of weight 
of the poorer scheme or simply the weight of the poorer 
scheme. This simple rule might suggest that, given the rele- 
vance scores assigned by schemes, the best rule for effective 
data fusion is a linear combination of relevance scores with 
coefficients a and (1 - a), similar to equation (13). In other 
words, the relevance score of a particular document is de- 
fined as 

S D F  = aSL + (1 - a ) S H  (14) 
where SL. SH and SDF are relevance scores of the worse 

scheme, better scheme and data fusion respectively. Values 
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of a > 0.5 indicate that the worse scheme is given more 
weight than the better scheme, and a < 0.5 indicate the con- 
verse. 

According to the geometrical model, the closer the scheme 
lies to the ideal point in the abstract space, the better is 
its performance. Thus, the model requires that the better 
scheme PH lie closer to the ideal scheme Pideal than the 
worse scheme PL. In other words, the distance d between 
PH and Pideal must be shorter than the distance e between 
PL and Pideal, e > d. Squaring both sides of the inequality 
and subtracting z', we get 

e2 - z2 > dL - z2 (15) 
It is easy to see in Figure 4, that this is the same as 

(1 - > a2 (16) 
or 

(17) 

Thus, the geometrical model requires that the coefficient 
of weight assigned to the worse scheme can not exceed 0.5. 

1 
a < -  

2 

Data used 
We used the output sets produced by IR schemes for the 

routing taqk of the Fifth Text Retrieval Conference (Harman, 
1997) as the raw data for our study. The TREC confer- 
ences have been run as a test bed for participating groups to 
evaluate the performance of their IR systems based on com- 
mon retrieval tasks and document collections provided by 
TREC. They were sponsored by National Institute of Stan- 
dards and Technology (NIST) and the Information Tech- 
nology Office of the Defense Advanced Research Projects 
Agency (DARPA) as part of the TIPSTER Text Program. 

The TREC5 conference centered around two main tasks, 
the routing task and the ad hoc task. In the routing task, 
fixed questions (topics) are asked, but new data is added to 
the collection. These searches are similar to those required 
by news clipping services and library profiling systems. In 
the ad hoc task, the new questions are asked against a static 
set of data. This is similar to the way that a researcher might 
use a library. 

The participating groups could choose to do the routing 
task and/or the ad hoc task, and were asked to submit the top 
1000 documents retrieved, ranked by decreasing scores of 
relevance, for each topic, for evaluation. The schemes were 
evaluated based on recall (relative recall) and precision. We 
used these ranked output sets as input for our data fusion 
experiments. 

Since the output list of each of the participating IR 
schemes contains the relevance scores assigned by the 
scheme, as well as the ranked order of the 1,000 documents 
retrieved, we could use either the score or the rank for data 
fusion. In our study, we used normalized relevance scores. 
The normalized relevance score S is defined as: 

where Rmin is the lowest relevance score within the top 
1,000 documents retrieved for a particular topic and Rma, 
is the highest relevance score within the top 1,000 documents 
for the same topic. Hence, the normalized relevance scores 
vary in the range of 0 to 1. 

For the TREC 5 routing task, there were a total of 23 sets 
of results. We only used 22 sets of results, because one of 
the schemes did not comply with the conventional rule for 
reporting results for TREC. Each set of results had 50 topics. 
However, 5 topics had no relevant documents and were not 
used in our tests. Thus, we had 45 x 22 x 21 / 2 = 10,395 
possible cases of data fusion between two IR schemes. 

For each data fusion, we first normalized the relevance 
scores of the top 1,000 documents retrieved for a particu- 
lar topic by each of the two schemes participating in the data 
fusion. Then we fused these two schemes according to the 
following formula: 

S n e w ( a )  = asworse  + (1 - a)Sbetter  

where SworSe and Sbetter are the normalized relevance 
scores assigned to a particular document by the scheme with 
the lower value of average precision and scheme with the 
higher value of average precision for a particular topic re- 
spectively, Snew is the new score assigned to this document, 
and a is the weight parameter of the data fusion which varies 
between 0 and 1. 

To use a performance measure with an almost continuous 
range, we compute the average precision for the top 100 doc- 
uments from the combined (fused) set. The average precision 
for a given topic is defined as: 

where R is a specific relevant document, 5'11 is the number of 
relevant documents up to and including the position of this 
relevant document, PR is the position or rank of the relevant 
document in the combined set, and G is the total number of 
relevant documents for the given topic. We computed aver- 
age precision for the top 100 documents only. Note that this 
score penalized a system for missing relevant documents. 
For example, if there are eight relevant documents for a given 
topic and only three of them are in the top 100 of the retrieved 
set at lst, 4th, and 6th positions, then the average precision 
for this scheme is: 

Results 
In order to explore fusion using the data set that we have 

chosen, we have performed linear score fusion on all pos- 
sible pairs of systems for all topics. In addition we have 
scanned the mixture parameter, running from a = 0, which 
represents the best system alone, to a = 1, representing the 
worst system alone. As a varies from 0 to 1 we can select 
that single mixture which produces the best possible retrieval 
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Fig. 5. Smoothing curve. for INQ303, pircsg6 and topic 12. 
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Fig. 6. Smoothing curve for city96r2, erliR 1 and topic 21 I .  

performance, as measured by the standard indicator, exact 
average precision. 
Our computations showed that computed curves are very 

noisy. Statistical theory suggests that we aproximate them 
with some well behaved function. It was natural, given 
the geometrical model, to use a quadratic polynomial. Vi- 
sual examination of data also suggested that the choice of 
a quadratic polynomial is correct. We employed the least 
squares method to find the best fitting polynomial for every 
curve. The maximum of the quadratic polynomial on the in- 
terval [0, 11 was computed and used as the best value for a, 

The coefficient of determination R2 was computed for 
each curve to measure the goodness of the quadratic fit. For 
example, Figure 5 shows the data fusion of two schemes 
INQ303 and pircsg6 for topic 12, which had 228 relevant 
documents. The X axis shows the value of a and Y axis 
shows the measure of improvement, P,,,,/PH. The com- 
puted value of R2 for this curve was .896, indicating a good 
fit. Figure 6 shows the fusion curve for two schemes city96r2 
and erliR1 for topic 21 1 which had only two relevant docu- 
ments. The computed value of R2 was .604 indicating that 

called aqua& 

10 30 .3Ll 73 90 

Coefficient of determination 

Fig. 7. Frequency distribution for R’. 

the curve can not be well smoothed by a quadratic function. 
We looked for some correlation between the number of 

relevant documents and the goodness of fit, R2. The results 
of the test showed that there is no significant correlation be- 
tween the number of relevant documen$ and the goodness 
of the fit. The overall distribution of R2 is shown in Figure 
7. 

Linear regression analysis 
Based on visual examination of data and Ng’s [19981 

work, we considered the possibility that there might be a re- 
lationship between q u a d  and PL/PH. Intuitively, this is at- 
tractive. If both schemes have similar performance then we 
would expect that efficient DF is symmetric with respect to 
squad. that is squad = .5. The larger the gap between per- 
formances of better and worse schemes, the closer the value 

Thase simple observations stimulated us to conduct a lin- 
ear regression analysis to check the claimed relationship. 
First, we conducted a linear regression between (Yquad and 
PLIPH. The results of the analysis showed the correlation 
coefficient R = .47 and R2 = .22. This shows that, in- 
deed, these two variables correlate with each other. We also 
ran regression tests to see if there is a correlation between 
(Yquad and a linear combination of PL and PH. The results 
for this tests were R = .37 and R2 = .14. This means that 
the formula with the ratio has greater prediction power than 
the simpler formula saying that q u a d  depends linearly on 
precisions of better and worse schemes. 

Another check for validity was to examine the results of 
linear regression between squad and PL/(PL + PH) .  The 
regression analysis showed that R = .45 and R2 = .20, al- 
most, but not quite as good as the model based on the simple 
ratio. Once more, the original formula outperformed the new 
one. 

Table 1. Results for linear regression analysis. 

of Qquad to zero. 
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Discussion 
This investigation confirms that data fusion in informa- 

tion retrieval is effective in ways that are not apparent at first 
sight. It is effective in some cases where improvements are 
achieved over the performance of very good schemes. It is 
effective in cases where there are large numbers of relevant 
documents, ruling out the explanation of “statistical fluctu- 
ations”. It is effective in cases where a good scheme is im- 
proved by combining it with a relatively poor scheme. 

As the outcome of this study we established a relationship 
between squad, the smoothed best mixing weight, and the 
ratio of performances of two combined schemes. We found 
that the predictive power of this relationship is greater than 
the predictive power of simpler relationship that squad de- 
pends on a linear combination of PL and PH. It also outper- 
formed the model based on PL/(PL + PH). 

However, the ratio of PL/PH accounts only for 22 percent 
of variability in squad. Thus, further research is needed to 
investigate other factors that might account for the rest of 
variability Of (Yquad.  

We found that 830 cases out of the total of 10393 cases 
have values of a > 0.5. These cases are counter-intuitive 
according to the presented geometrical model. Further re- 
search is needed to find the fundamental properties of these 
cases that make them different from the rest of the cases. 
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